We present physiological text annotation, which refers to the practice of associating physiological responses to text content in order to infer characteristics of the user information needs and affective responses. Text annotation is a laborious task, and implicit feedback has been studied as a way to collect annotations without requiring any explicit action from the user. Previous work has explored behavioral signals, such as clicks or dwell time to automatically infer annotations, and physiological signals have mostly been explored for image or video content. We report on two experiments in which physiological text annotation is studied first to (1) indicate perceived relevance and then to (2) indicate affective responses of the users. The first experiment tackles the user's perception of relevance of an information item, which is fundamental towards revealing the user's information needs. The second experiment is then aimed at revealing the user's affective responses towards a -relevant-text document. Results show that physiological user signals are associated with relevance and affect. In particular, electrodermal activity was found to be different when users read relevant content than when they read irrelevant content and was found to be lower when reading texts with negative emotional content than when reading texts with neutral content. Together, the experiments show that physiological text annotation can provide valuable implicit inputs for personalized systems. We discuss how our findings help design personalized systems that can annotate digital content using human physiology without the need for any explicit user interaction.
Introduction
The proliferation of Web content has allowed users to access, consume and annotate a large variety of media content online. Annotation refers to adding descriptive metadata to digital content and has traditionally been a critical backbone of many digital media services. It allows content management and analysis by enabling additional detailed information about the content. On an individual level, users can benefit from annotation since it can enhance content delivery, personalization, and recommendation through analysis of additional metadata that capture user preferences (Adomavicius and Tuzhilin 2005; Herlocker et al. 2004) .
The most common practice to annotate content is by explicit user-system interaction, i.e., users are asked to manually provide feedback on the content. Current feedback mechanisms include bookmarking, rating, and tagging. To a certain level, these are digital adaptations of traditional pen-based annotations. However, explicit feedback can be tedious and users usually annotate content only if they have a clear incentive to do so. It has been shown that users are not always willing to interrupt their task to provide feedback even when they are aware that this could lead to benefits in the subsequent interactions with the system (Kelly and Fu 2006) .
Another way to annotate content is by implicitly monitoring the users. This type of annotation, which does not rely on direct input from the user, has the benefit that it requires no effort from the user and does not require interrupting the workflow. Behavioral signals that have been used for this purpose range from measuring dwell time to monitoring clicks or scrolling behavior (Kelly and Teevan 2003; Soleymani and Pantic 2012) . For instance, YouTube recommendations are not only based on the users' likes or subscriptions to channels, but also take into account the time users spend watching videos (Davidson et al. 2010 ).
The popularity of using implicitly generated metadata is increasing. Studies have shown that although these measures can have high throughput, they can fail to capture the actual level of user-engagement with the content. For example, a user could be playing a YouTube video but not paying attention to it (Davidson et al. 2010) . Furthermore, these measures fail to capture the emotional state of the user, which gives important clues to the users' preferences (Tkalcic et al. 2011) .
A novel technique for implicit monitoring is annotating content using physiological recordings (Moshfeghi and Jose 2013; Eugster et al. 2014; Barral et al. 2015; Solovey et al. 2015) . While most information consumption is in textual format, surprisingly little research has been carried out in this area, as most of the work carried out in this direction considers images and videos as the target (Moshfeghi and Jose 2013; Arapakis et al. 2009b) . Text presents additional challenges, as it is more symbolic and contextualized in nature.
This paper presents physiological text annotation, which refers to the practice of associating physiological measures to text content in order to infer characteristics of the user information needs and affective responses. We study whether physiological annotations change reliably due to relevance judgment or affective responses. Conventional corpus annotation relies on the users' explicit input in order to infer general properties of the dataset, which are often used for indexing or explaining better the data (Leech 1997) . Implicit responses of viewers to the corpus have not been considered, and attaching physiological signals as annotations to content could be used to differentiate the affect related to the content at a population level. For example, observing physiological signals from a group of users looking at a news article and annotating this article with these signals, could provide information whether the users -all of them on average-perceive the article with certain affect (e.g., observing whether there is overall increase in skin conductance level when an article is perceived as relevant).
We study physiological text annotation through two experiments, focusing on: (1) the user's perceived relevance of text items, and (2) the user's affective responses to text items. When engaged in an information seeking task, users rely on the perceived relevance of information items to select the items to consume. Once an item is deemed relevant, it is consumed, possibly eliciting affective responses. In the first experiment we explore physiological annotations and their association with the users' perceived relevance of text items. Then, in the second experiment, we explore physiological annotations and their association with the users' affective responses to -relevant-text items. This paper substantially extends the work of Barral et al. (2015) by studying physiological annotation for affective responses in a realistic news reading task, allowing to present a comprehensive description of physiological text annotation. Figure 1 illustrates the conceptual framework for physiological text annotation addressed in this paper.
Physiological annotation for relevance The first experiment was designed to study the physiological correlates of relevance during reading of text. The process of judging the relevance of an information item is intrinsically related to the affective state of the user and affective responses to the information items being consumed (Cosijn and Ingwersen 2000) . For instance, when searching for information on the inter- Fig. 1 Physiological text annotation conceptual framework. First, the user makes a decision on the relevance of a text document. Then, once a document is deemed relevant, it is read, eliciting several affective responses. In a first experiment we investigate reliable changes in the physiology due to the judging the relevance of a document. Subsequently, in a second experiment, we investigate reliable changes in the physiology due to reading texts with affective content. Together, the experiments comprehensively tackle physiological annotation for textual content net, it could happen that a page that has relevant content for the purpose of the search is deemed less relevant due to the frustration evoked by a poor page layout. In order to better study physiological responses to the relevance judgment, we wanted to minimize the role of affect in the relevance judgment process. We consequently designed a relevance assessment task in the context of reading scientific articles. This task and domain was considered fairly emotionally neutral, minimizing possible confounding factors in the physiological responses from emotional reactions of the users. We recorded the physiological responses of 40 participants while they read scientific documents, and asked them to provide relevance feedback. We investigated how perceived relevance was associated with peripheral physiology by analyzing the event-related physiological responses. Results show that electrodermal activity is different when users are reading relevant content than when they are reading irrelevant content.
Physiological annotation for affect The second experiment was designed to study the physiological correlates of different affective states that resulted from reading relevant text items. The experiment was designed in the context of reading news articles. We recorded the physiological responses of 24 participants while they were allowed to freely browse the news from their favorite news website. In this more realistic setting users read only relevant information items, allowing physiological annotation for affective responses to relevant information items. We investigated how different affective responses were associated with peripheral physiology by analyzing the changes in physiological data while reading a news article. Results show that users present lower electrodermal activity when reading content eliciting negative emotional responses, than when reading emotionally neutral content.
The experiments on physiological text annotation show that annotating text items with physiological signals can help indicate the users' information needs and affective responses. The remainder of this paper is organized as follows: Sect. 2 overviews the background on implicit annotation of digital content through physiological signals. Next, Sect. 3 reports the experimental setup and results on physiological annotation for relevance, and Sect. 4 provides the experimental setup and results on physiological annotation for affect. In Sect. 5 we discuss the implications of the results and point out directions for future work. Finally, we conclude in Sect. 6.
Physiology for implicit annotation
Implicit annotation of content, also referred to as implicit tagging, has been studied in a wide range of research fields. Physiological signals are good candidates for implicit annotations. For instance, electrodermal activity (EDA) is related to the activation of the sympathetic nervous system and has largely been used as an indicator of emotional, psychological and emotional arousal (Andreassi 2000) . Other candidate signals include facial expressions, variations in the skin temperature, measures of neural activity and facial muscle activity.
Applications for affective annotation of content range from affective recommender systems to sentiment analysis and opinion mining. For instance, services such as the most read Italian daily newspaper (both on the internet and in paper) Corriere.it have implemented emotional annotation of their content through explicit user feedback. The service uses annotations to provide estimates of the general emotional response to a particular news piece. Another application for emotional annotation is found in the field of affective recommender systems (Tkalcic et al. 2010) . These systems base their recommendations on affective metadata, derived from affective annotations of the content. Soleymani and Pantic (2012) have extensively reviewed the state of the art of physiological and other context-based metrics to implicitly annotate information items.
Physiology associated with relevance judgments
When engaging in an information seeking task, users perceive as relevant items that adjust to their information needs. In information retrieval, situational relevance is manifested through how aligned are the results to the user search intents. In order to maximize the relevance of results, it is common that information retrieval systems use relevance feedback mechanisms. Annotating content with some measure of relevance might be especially useful to filter or personalize the content to users. In this context, gathering relevance feedback on a set of results allows better personalization of the next iteration of results.
One way to gather relevance feedback is through direct user interaction, also known as explicit relevance feedback (Koenemann and Belkin 1996) . However, this measure has proven to be insufficient due to the burden it places on the user (Kelly and Fu 2006) . Another way to obtain relevance feedback is through unobtrusively monitoring the user, known as implicit relevance feedback (Kelly and Teevan 2003) . Research in the field of implicit relevance feedback through monitoring the user's state with physiological recordings is still at an early stage, especially regarding text content. Arapakis et al. (2010) studied facial expressions as extracted from video recordings alone, or in combination with peripheral physiological measures, including electrodermal activity and skin temperature (Arapakis et al. 2009a) , in order to infer the relevance of information items (namely documents and videos). They found that including affective features into their models increased the relevance prediction accuracies of their models based on implicit relevance metrics.
Moshfeghi and Jose (2013) studied whether affective (i.e., facial expressions from video recordings) and physiological signals (including heart rate, skin temperature and neural activity), in combination with traditional implicit relevance feedback metrics (i.e., dwell time), lead to improvement of relevance predictions. They studied a video retrieval engine over several search intentions, and found out that combining physiological and affective signals with traditional implicit signals led to significant improvement in the predictions. Eugster et al. (2014) recently studied whether the relevance of terms could be predicted from brain signals alone. They measured neural activity through electroencephalography (EEG) while users were shown keywords. While carrying out a fairly controlled study, they were able to show that it is possible to infer the relevance of terms from brain signals only, resulting in significant improvements in the predictions over the random baseline.
Physiology associated with affective judgments
The role of emotions in information sciences has been studied extensively (Lopatovska 2009; Lopatovska and Arapakis 2011) . Affective and physiological signals have been used as additional channels to implicitly measure human emotion and map emotional states (Pantic and Rothkrantz 2003; Ioannou et al. 2005; Conati and Maclaren 2009; Koelstra et al. 2012) . Koelstra et al. (2010) used electroencephalography as well as peripheral physiology as means to implicitly annotate music videos with the user's emotional state. They carried out a classification experiment in order to implicitly annotate the videos with measures of arousal and valence, reporting classification accuracies up to 80% in some cases. Soleymani et al. (2008) studied the relationship between the physiological responses of participants while watching movie scenes, and their felt emotions. They inferred emotions from electrodermal activity, blood pressure, respiration rate, and facial electromyography. They found significant correlations between physiological features and video scenes, as well as between audio-visual features and emotions.
Affective and physiological signals have been used in the field of recommender systems, in combination with traditional implicit relevance measures (Arapakis et al. 2009b) . The approach is to use affective and physiological measures as direct input for the recommendations. That is, physiological and affective signals are used to provide implicit affective feedback, which is directly used by the system to generate the recommendations. These recommender systems are known as affective recommender systems (Tkalcic et al. 2010 (Tkalcic et al. , 2011 . In affective recommender systems, it is common that emotions are inferred through affective features prior to their use as contextual information for generating the recommendations (Gonzalez et al. 2007) . Tkalcic et al. (2010) used affective metadata (metadata related to users' affective and emotional states) in image recommender systems. They studied affective metadata in combination with generic metadata (such as image genre or average watching time) for improving image recommendation results. Overall, their results showed better performance of the image recommender system when including affective metadata compared to using generic metadata alone. Tkalcic et al. (2011) defined a framework for affective recommender systems. The framework formalizes the use of emotions in recommender systems in a three-stage model. The first stage (entry stage) refers to the emotional state of the user prior to the consumption of an information item. The second stage (consumption stage) refers to the emotional state of the user as influenced by the information item being consumed. The last stage (exit stage) refers to the emotional state of the user after having consumed the information item. The authors discussed the implications of modeling affect and emotions
Contributions to the field
We report on two experiments that explore physiological text annotation to extract measures of relevance and affect. Our work differs from the most related work in the following points: Fig. 1 ). We show in detail that electrodermal activity when reading relevant text is different than when reading irrelevant text, and that reading texts that make the user feel angry or sad present lower levels of electrodermal activity as compared with text that do not elicit emotional reactions. These are promising results for implicit text annotation from physiology, holding implications for several fields, namely for personalized user modeling, recommender systems and information retrieval.
Experiment 1: physiological annotation for relevance
The first component that we addressed for physiological text annotation is relevance, as this is the most underlying property of the users' information needs, when engaged in information seeking tasks. The first experiment was therefore designed to investigate the physiological correlates of relevance in text reading tasks. The affective state of the user and the affective reactions to the information items being consumed can have a direct influence on the perception of relevance of the information items. For instance, the content of an article might elicit some affective response that in turn might influence the users relevance judgment on that article. The aim of the experiment was to minimize the role of affect in the relevance judgment process, in order to better study the physiological correlates of the relevance judgment. We therefore designed a relevance assessment task in the academic search context, as it was considered a fairly emotionally neutral context. This minimized the possibility of affect correlates conflating the relevance correlates, allowing to better capture the physiological responses to relevance manifestations, in terms of relevance feedback.
For the physiological recordings we selected two promising physiological signals that could be measured in a very non-intrusive manner. The first was electrodermal activity. This signal was especially well suited for our setup, as it has been used as an indicator of stimulus novelty, intensity, and emotional content, among others (Ravaja 2004) . Additionally, we measured corrugator supercilii activity (or CSA, activity over the brow muscle), as it has been associated with mental workload, fatigue, and compensatory mental effort, among others (Van Boxtel and Jessurun 1993; Waterink and Van Boxtel 1994; Veldhuizen et al. 2003) .
We designed a relevance assessment experiment in which participants queried an information retrieval system indexing a scientific database and examined the set of results delivered. For each of the results, they were asked to judge the relevance to their query, while their physiological responses were being measured. The goal of the experiment was to find out whether the physiological annotations of content perceived as relevant reliably differed from the physiological annotations of content perceived as irrelevant.
Participants
Forty participants (six females) took part in the study. Participants ranged from 21 years old to 47 years old (M = 28.17) and were recruited after ensuring that they had previous experience in browsing scientific databases. Participants were students and staff from the University of Helsinki and Aalto University in Finland (37 participants were postgraduate, and three were undergraduate students). Only one of the participants reported being a native English speaker, and 17 different mother tongues were reported. Nevertheless, the overall English reading skills were self-reported as advanced. All of the participants used the mouse with their right hand, as they reported to be fully habituated to doing, even if six of them were left-handed. Participants reported themselves to be physically and mentally healthy.
Apparatus
Physiological signals were recorded at a sample rate of 1000 Hz using a QuickAmp (BrainProducts GmbH., Germany) amplifier. CSA sensors were filled with SYNAPSE conductive electrode cream (Kustomer Kinetics Inc., USA) and placed on sites overlaying the left corrugator supercilii muscle regions as recommended by Fridlund and Cacioppo (1986) . EDA electrodes were filled with TD-246 skin conductance electrode paste (Med Associates Inc., USA) and attached to the middle phalanges of the ring and little fingers of each participant's left hand (Dawson et al. 2007 ).
We built a custom search engine and user interface to have full control over the retrieval process, the presentation of results, and the content indexed by the retrieval system. The content items were from a scientific article database consisting of over 50,000,000 articles from the Web of Science prepared by Thomson Reuters, Inc. and from the Digital Libraries of the ACM, the IEEE, and Springer. We used a state-of-theart unigram language modeling approach with Bayesian Dirichlet smoothing to rank the results (Zhai and Lafferty 2004) . The relevant results were retrieved directly based on the ranking provided by the ranking model. The irrelevant results were selected randomly with an additional Boolean constraint to exclude results that contained words from the participant's query. The first 40 words of the abstracts of the articles were used as result snippets, which we had found in pilot studies to be sufficient for participants to decide whether an article is relevant.
The results were presented in the Google Chrome browser. Custom JavaScript code was injected to record the exact time in milliseconds, in relation to the PC clock, when each event took place. To ascertain the synchrony between the browser timestamps and the physiological data, every second the experiment PC sent a synchronization pulse through the parallel port to the QuickAmp amplifier, and each of the browser events was synchronized to the closest pulse.
Procedure and experimental task
At the beginning of the session, the participants were briefed as to the procedure and purpose of the experiment, before signing informed consent. They were furthermore informed of their right to withdraw from the experiment at any time without any negative consequence. No training session was provided prior to the task, as the interaction with the system was particularly intuitive. After performing the task, the participants were asked to fill in an online survey regarding their background information, and their participation was compensated with two movie tickets.
The relevance assessment task was designed so that participants could perform queries of their interest using a real information retrieval system. The participants were presented with a search box and instructed to perform a query on a topic with which they were familiar, keeping in mind that they were browsing a scientific database (e.g., Fig. 2 Experimental task and user interface. The participant submits a query, and the system retrieves six abstract snippets of which three are relevant and three are irrelevant to the query. These are presented for the participant one at a time in a randomized order. The participant rates each result using a 1-10 scale. This is repeated for a total of six queries "eye tracking" as shown in Fig. 2) . Then, the search engine returned, in randomized order, six abstract snippets, one at a time. Of these six snippets, three were always actual search results (relevant to the participant's query) and the other three were randomly generated (irrelevant to the participant's query). The participants then read the abstract snippet and were asked to rate the relevance of the article on a scale from 1 to 10. Participants were instructed to provide the relevance feedback as soon as they made a decision on the relevance, without the need of reading the text until the end. On average, abstract snippets were shown for ca. 8 s. Then, the snippet was replaced with the next snippet until all 6 snippets corresponding to that query were rated and the participant was asked to perform a new query on a new topic. The experiment was completed after the participant rated 36 abstracts (6 topics × 6 abstract snippets).
Method and measures
After visual inspection, data from four out of the 40 participants was rejected due to loosened or misplaced sensors.
The physiological signals were exported using the BrainVision Recorder software and then filtered to reduce noise and artifacts (e.g., caused from the variation in the contact between the skin and the electrode). For EDA we used a low-pass filter with the cut-off at 5 Hz, and for CSA, a high-pass filter with the cut-off at 10 Hz. For both EDA and CSA signals, we executed the exact same feature extraction and analysis.
To annotate each abstract snippet, we extracted features from an 8-s window timelocked to the moment when the participant gave the explicit judgment. The window spanned from 2 s before to 6 s after the explicit rating. As we instructed the participants to assess the relevance as soon as they had made any decision on it, even though relevance-related processing may start earlier, the final decision on the relevance is expected to occur only shortly before the explicit rating. We therefore defined a time window that included 2 s before the explicit rating, which was considered to be sufficient to cover the time between the psychological decision and the physical event (Sternberg (1969) stimulus-response model); and 6 s following it, as skin conductance response (SCR) can take up to 6 or 7 s to reach its peak (Dawson et al. 2007 ). For every second within this window, we computed the average signal value (i.e., average down-sampling). This resulted in eight features characterizing EDA, and eight features characterizing CSA, for each abstract snippet. The data for the participants were normalized so that the signals were centered on each trial's mean level.
We compared the EDA and CSA responses of the participants for snippets that received different relevance feedback. The data were binarized to irrelevant and relevant categories. When the relevance judgment explicitly acquired from the participant was less than 4, it was categorized as an irrelevant judgment, and when the relevance judgment was higher than 7, it was categorized as a relevant judgment. Other snippets were not categorized, as the judgments were interpreted as ambiguous and the physiological responses associated to them were likely to be misleading.
Within each participant, we aggregated features from relevant and irrelevant snippets with both the arithmetic mean and the more robust median , and computed repeated-measures analysis of variance (ANOVA). The analyses were carried out using the General Linear Model (GLM) with repeated measures procedure in SPSS (version 21) with two-level factor "relevance" (relevant vs. irrelevant) and eight-level factor "time" (eight features corresponding to the 8 s of the window). The results of the computed ANOVAs were corrected using the Greenhouse-Geisser correction on the degrees of freedom, as Mauchly's Test indicated that the assumption of sphericity had been violated. Figure 3 shows the aggregated features over participants for relevant and irrelevant articles using both the arithmetic mean and the median, with 95% confidence intervals, for the two signals. Table 1 presents the results of each of the four ANOVA tests. Time relative to explicit rating (s) Grand average (mean) Time relative to explicit rating (s) Grand average (median) The results of the ANOVAs can be summarized as follows: For both EDA and CSA, the main effect of time was found, which indicates that the physiological signal changes reliably following the relevance judgment. However, the direction of the judgment was only significant for EDA, as indicated by the significant main effect of the relevance (shown only in the median features, due to the trial-based mean centering of the signals). This means that decision-related physiological changes in CSA are either not related to perceived relevance, too weakly related to become visible, not stable enough across time to cause an interactive effect, or not the same between participants.
Results
• irrelevant relevant • • • • • • • • • • • • • • • • −
Experiment 2: Physiological annotation for affect
The experiment reported in Sect. 3 was designed as a fairly controlled experiment in which, in addition to the relevant results, we introduced irrelevant results to the users. This allowed to study the physiological correlates of relevance in a balanced setup. In the experiment we asked the participants to provide feedback as soon as they were able to judge the relevance of the text content. This allowed analyzing the specific physiological signals time-locked to the cognitive event of making a decision on the relevance of the item, as indicated by the explicit relevance feedback event.
After deciding that a text is relevant, one might start reading the relevant text item, which in turn might elicit several emotional responses (see Fig. 1 ). We designed a second experiment to study physiological annotation for such contexts. This presents several challenges respect to the Experiment 1. First, it is very unlikely that the relevant information consumed by the participant will be balanced on the affective level (e.g., the participant most probably will consume a different amount of happy and sad articles). Therefore, one major challenge of the present experiment is to study physiological text annotation under unbalanced datasets. Second, affective responses might be elicited at different points during the reading process. Therefore, it is hard to analyze the physiological responses time-locked to a specific cognitive event as done in Experiment 1. In Experiment 2 we use a different approach, in which we include for the analysis the physiological data of the whole time-series from the beginning of the reading to the end of the reading, rather than just concentrating on a timelocked, event-specific time-window. This presents an additional level of complexity as, while measuring the effect of multiple event-related physiological responses to several events that are related to the text being processed, one might also be measuring the physiological responses to completely unrelated events (e.g., an external distraction).
The second experiment was therefore designed to study the physiological correlates of the affective responses of users when consuming relevant text items, as manifested in a news reading task (see Fig. 1 ). We selected news reading, as it is a type of text content that has intrinsically associated emotional content, while keeping the user engaged and interested in the content. Participants could freely read the news of their choice from their favorite online news sources. This ensured that all the text content consumed by the users was relevant to them. It is important to note that we had no prior knowledge on the affective content of the articles being consumed. For each of the articles, participants were instructed to provide affective feedback according to how they felt after reading the article. The goal of the experiment was to find out whether several affective categories could be reliably associated with distinct physiological annotations. In order to study how physiological responses were associated with the participants perceived affective content of the news articles, we compared physiological responses to articles where the participant felt happy, sad, or angry against articles where the participant felt neutral.
In addition, we collected voluntary feedback on categories usually found on news sites: "thumbs up", "thumbs down", "comment" and "share", and studied whether this type of feedback was correlated with the physiological signals. We also collected personality traits of the participants through the BIS/BAS questionnaire, in order to study the correlation between their personality and the type of feedback given to news articles. That is, we wanted to reveal whether people with certain personality profiles were more likely to give certain types of affective feedback, given that psychological and personality traits have been shown to influence the way people access and share content (Celli et al. 2015) .
Electrodermal activity was used as the physiological signal, as it has been proved to be indicative of arousal and stimulus novelty (Dawson et al. 2007; Boucsein 2012) . In order to further minimize the intrusiveness of the recording, and given the less binding findings for CSA reported in Experiment 1 (see Sect. 3), in the present experiment we solely relied on EDA.
Participants
Twenty-four participants (five females) took part in the study, two of which participated also in Experiment 1. Participants ranged from 23 to 36 years old (M = 29.7). Three participants were postdoctoral researchers, and the rest were students (18 postgraduate, and three undergraduate) from the University of Helsinki and Aalto University in Finland. Nine of the participants read news in their native language only, five read the news both in their native and foreign language, and ten only in a foreign language. In total, 15 different mother tongues were reported. Overall, participants reported high engagement with the content they were reading (M = 4.08, on five-level Likert scale), and to not feel intruded by being asked to provide feedback (M = 1.95, on a five-level Likert scale). Two of the participants were left handed, even though only one of them used the computer mouse with the left hand. Participants reported themselves to be physically and mentally healthy.
Apparatus
A ProComp Infinity (Thought Technology Ltd., Canada) amplifier recorded EDA at a sample rate of 2048 Hz. Sensors were placed on the middle phalanges of the index and middle fingers of each participant's free hand (the one they did not use for the computer mouse) (Dawson et al. 2007 ). Stimulus were presented using the Google Chrome Browser.
The news was presented inside an overlay that allowed for affective feedback (see Fig. 4 ). The overlay was implemented using a proxy Web server (Apache 2.4.10) that provided a HTML-page containing an iFrame tag that pointed to the external news site, as well as the buttons necessary for the user feedback. Whenever the user gave feedback using the overlay, the current time on the local machine was sent to the proxy server using an AJAX request. A similar mechanism was used to log the timestamps when the users changed Web pages. These timestamps used the same clock as the software running the physiological amplifier recording software, thus synchronizing the affective feedback with the physiological recording.
Procedure and experimental task
At the beginning of the session, participants were welcomed and briefed as to the procedure and purpose of the experiment before signing the informed consent form. Participants were instructed about the duration of the experiment and reminded that they could withdraw from the experiment at any point in time, without facing negative consequences. Before starting the recording, the experimenter briefly demonstrated the functioning of the experiment ensuring that the participant understood the experimental task. Participants were instructed to browse news sites of their interest (typically Fig. 4 Experimental task and user interface. The participant selects a news portal of her choice, and browses the news freely. After reading a specific news article, the participant clicks on one of the affective feedback icons (from left to right "happy", "sad", "angry", and "neutral"). The participant is allowed to provide voluntary feedback, as well as to change a news portal at any point, by entering a new URL in the text box designated for it. Participants read news articles for 45-60 min between 1 and 3) for a minimum of 45 min, and up to 60 min (M = 47.7, S D = 4.2). For each article read, they were asked to click one and only one of the affective icons, according to the way they felt reading the article. Participants could also provide voluntary feedback, clicking on as many icons as they pleased, including none (e.g., "thumbs up"; see Fig. 4 ). Each participant read ca. 20 articles (M = 22.1, S D = 11.4), and spent ca. one and a half minutes per article (M = 1.4, S D = 1.3). While participants were allowed to read the text and look at the images on the articles, they were explicitly instructed to avoid playing videos. After the reading session, the participants were required to fill out a profiling questionnaire (see Sect. 4.4.2). Finally, they filled in an online survey regarding their background information, and their participation was compensated with one movie ticket.
Method and measures

Physiological analysis
The data from 19 participants were considered for the analysis after rejecting four participants that presented completely flat electrodermal recordings, possibly due to sensors misplacement or that they were "EDA non-responders" (Venables and Mitchell 1996) . Also, one participant, who had an abnormally low amount of feedback given (rating only five news articles) and spent drastically more time on each article, was removed from the analysis as an outlier. Decomposed electrodermal activity (EDA) of one of the participants while reading one article. Grey and blue areas represent tonic and phasic activity respectively. Dashed ellipses represent skin conductance responses (SCRs). EDA was decomposed through discrete decomposition analysis using Ledalab software (Benedek and Kaernbach 2010) EDA was exported using the BioGraph INFINTI software down-sampled to 32Hz. The signal was then separated into phasic, and tonic components, through continuous deconvolution analysis as provided by the MATLAB-based Ledalab software (Benedek and Kaernbach 2010) . The phasic component refers to electrodermal responses to stimuli and is characterized with spikes in the signal (i.e., skin conductance response; SCRs), whereas the tonic activity represents the skin conductance level (Boucsein 2012) . Phasic and tonic components are illustrated in Fig. 5 .
To annotate each article read, we computed four features from the EDA signal: (a) The sum of the tonic activity per second, computed as the sum of tonic data within an abstract (centered with the mean tonic data of the first 10 s spent reading the article) divided by the time spent reading the article (sumTonic), (b) the sum of the phasic activity per second, computed as the sum of the phasic data within an article, divided by the time spent reading the article (sumPhasic), (c) the average amplitude of the SCRs, computed as the sum of the SCRs' amplitudes within an article divided by the number of SCRs in the article (meanAmpSCR), and (d) the number of SCRs per second, computed as the number of SCRs divided by the time spent reading the article (nSCR).
The data for the participants were normalized so that the signals were centered on each participant's mean level, and the features were divided by the standard deviation of the feature for each participant.
We compared the EDA responses of the participants for news articles that received different affective feedback. The 19 participants considered for the analysis read a total 425 articles, of which 133 were rated as "happy", 44 as "sad", 68 as "angry", and 180 as "neutral". Additionally, the 19 participants also provided voluntary feedback on 132 articles. Specifically, 74 articles were "liked", 20 were "disliked", 64 would have been "shared", and 43 would have been "commented".
Instead of the repeated measures ANOVA that was used in Experiment 1 (see Sect. 3.4), we used the Linear Mixed Models (LMM) analysis owing to the unbalanced nature of the data. That is, given that the participants had the freedom to select the articles to read and to spend any time on each article, the participants had varying numbers of rated articles. Mixed models have been shown to handle missing observations and unbalanced designs more efficiently, resulting in more reliable conclusions (Bagiella et al. 2000) . They can also lead to more efficient estimates and more powerful tests as they involve a model for the error variance.
The statistical analyses were carried out using the Linear Mixed Models procedure in SPSS (version 21) with restricted maximum likelihood estimation and a first-order autoregressive covariance structure for the residuals. Participant ID was specified as the subject variable. Article number, an integer variable that indicates the order at which each user read their articles, was specified as the repeated variable. One at a time each of EDA features were selected as the dependent variable and the model included a fixed effect for the affective feedback category as the independent variable. To analyze the affective feedback, we used the "neutral" affective feedback as the control group, and compared it using planned contrasts against the three other categories: "happy", "sad", and "angry".
To analyze the voluntary feedback a new binary variable was created for each of the four types of voluntary feedback, "thumbs up", "thumbs down", "share" and "comment", to indicate whether an article had received this type of feedback. Also, a variable was created to indicate whether an article had received any of the four types of voluntary feedback. Then the same Linear Mixed Models procedure was run with each of these indicator variables as the independent variable. Thus, we compared all the articles that had received "thumbs up" to those articles that had not received "thumbs up". Similar analysis was done for "thumbs down", "share" and "comment". Finally, we compared all the articles that had received any of the four types of voluntary feedback to those articles that had not.
Profiling questionnaire
To profile the users, we used the BIS/BAS questionnaire which is based on the assumption that two general motivational systems underlie behavior. One system is responsible for aversive motives while the other regulates appetitive motivations (Gray and McNaughton 2003) . The aversive part of the model is called behavioral inhibition system (BIS) and is sensitive to signals of punishment, non-reward, and novelty: it inhibits behavior that might lead to negative or painful outcomes. Therefore, BIS activation causes inhibition of movement toward goals: "In terms of individual differences in personality, greater BIS sensitivity should be reflected in greater proneness to anxiety, provided the person is exposed to the proper situational cues." (Carver and White 1994) . In more colloquial language, people who are inhibited? in this sense are more sensitive to possible negative environmental stimuli which in turn can lead to avoidance behavior. Similarly, any novel stimulus is a potential risk that might lead to a painful outcome, thereby causing activation of the inhibition system.
The part of the model responsible for appetitive motivation is called the behavioral approach system and is said to be sensitive to signals of reward, non-punishment and escape from punishment. This system motivates the person to move toward goals, and is also responsible for the positive feelings, such as hope, elation and happiness. "In terms of individual differences in personality, greater BAS sensitivity should be reflected in greater proneness to engage in goal-directed efforts and to experience positive feelings when the person is exposed to cues of impending reward." The questionnaire measures BIS with a single index and divides the BAS part of the system into three categories: Drive, Reward Responsiveness and Fun seeking.
The data from 23 participants was considered for the analysis, as the participant who had given feedback to only 5 articles was removed from the analysis as an outlier. Also, even though we removed 4 subjects from the analysis of the EDA due to the flat EDA recordings, we did include these subjects to the BIS/BAS analysis we were not looking for correlations between the BIS/BAS and the physiological results. That is, in the analysis we carried out, we checked how BIS/BAS correlates with the amount of articles for each affective label, which we could have done even if we had not recorded any physiological data.
In the experiment we studied whether the BIS/BAS scales correlate with the affective feedback given to articles. As the participants rated varying numbers of articles we calculated percentages of each category for each participant, for example a participant might have rated 30% of all their articles as "sad". We then calculated the Spearman correlation between these percentages and the BIS/BAS scores of the participants. Figure 6 shows the aggregated features over participants for each of the affective feedback categories, using the arithmetic mean, with 95% confidence intervals. Table 2 details the results of the Linear Mixed Models analysis.
Results
Affective feedback
The results for the affective feedback can be summed up as follows: for all of the EDA features, there was no statistically significant difference between the "happy" and "neutral" categories. However, each EDA feature showed a significant decrease for "sad" or "angry" or both. Thus the rather interesting pattern emerges: news articles rated as eliciting negative emotions seemed to generate less arousal (see Fig. 6 ). In detail, for the tonic feature the difference between "angry" and "neutral" was statistically significant t(399.32) = 2.16, p = .032. The "sad" and "happy" categories did not differ from the control "neutral" category. For the sum of phasic activity feature the difference between "sad" and "neutral" was statistically significant t(419.77) = 3.30, p = .001. Also, the difference between "angry" and "neutral" was statistically significant t(420,96) = 2.43, p = .016. However, the difference between "happy" and "neutral" was not significant. For the mean amplitude feature the difference between "sad" and "neutral" was statistically significant t(392.76) = 2.50, p = .013. The value for "happy" was close to the control level and "angry" was somewhat below control, but the difference was not statistically significant. Finally, for the number of SCRs feature the difference between "sad" and "neutral" was statistically significant t(418.76) = 2.00, p = .047. Also, the difference between "angry" and "neutral" was statistically Bold entries indicate statistical significance at the levels of α = .05 (*), and α = .001 (**) significant t(420.67) = 2.48, p = .013. The value for "sad" and "angry" were below the control "neutral". However, the difference between "happy" and "neutral" was not significant. 
Voluntary feedback
The analysis did not yield statistically significant results for any of the voluntary feedback categories: "thumbs up", "thumbs down", "share" or "comment". Table 3 presents the results of each of the four correlation tests. The results for the BIS/BAS questionnaire can be summed up as follows: The BIS part of the questionnaire that measures inhibition and aversion correlated negatively with the "happy" feedback, while the BAS part that measures appetitive motivations correlated positively with the "happy" feedback and negatively with the "neutral" feedback. In detail, The BIS correlated negatively with "happy" feedback (r s = −.51, p = .013) indicating that inhibited participants rated articles as being "happy" less often. The BAS Drive correlated positively with the "happy" feedback (r s = .47, p = .025), indicating that people driven to pursue positive things rated articles as "happy" more often (BAS Drive is measured with questions such as "I go out of my way to get things I want."). The BAS Reward Responsiveness was negatively correlated with the "neutral" category (r s = −.42, p = .043) indicating that people who respond more strongly to positive environmental cues were less likely to rate the news article as "neutral". BAS Reward Responsiveness was measured with questions such as "When I get something I want, I feel excited and energized." Finally, as might be expected, BAS Fun Seeking category was positively correlated with the "happy" feedback, but this result failed to reach statistical significance ( r s = .36, p = .096). The BIS/BAS scales did not correlate with any of the voluntary feedback categories ("thumbs up", "thumbs down", "share", "comment"), and therefore are not included in Table 3. text items is different than when reading irrelevant text items. On the other side, the results from Experiment 2 indicate, that "all arousal is good arousal", as both of the negative feedback categories elicited lower arousal than the control "neutral" category, and the positive "happy" category did not show difference with the "neutral" category.
BIS/BAS questionnaire
Implications
The goal of this paper is to present evidence that implicit annotation of text content through physiological signals can reveal insights on the user's information needs and affective responses. The results point toward two direct implications for implicit text annotation with physiological signals. The first one is that annotating the textual content with the amount of electrodermal activity would help determine whether the document was relevant to the user. The second one is that annotating the textual content with measures of electrodermal activity could help determine whether the article has negative emotional content.
The advantages of implicit text annotation spans across several fields. Two of the most closely related fields are information retrieval and affective recommender systems. Accordingly, we discuss the implications of the results specifically in these two fields.
Implications for information retrieval
The results of Experiment 1 have direct implications for information retrieval. The results indicate that electrodermal responses to relevant and irrelevant articles are different. Accordingly, using electrodermal activity alone or in combination with other implicit feedback measures to annotate text results according to their relevance to the user should be, in principle, possible. We recognize these as preliminary but promising results for the field of information retrieval.
Implications for affective recommender systems The findings for physiological text annotation have direct implications for affective recommender systems. These systems rely on affective metadata to generate their predictions. The results are highly encouraging in the direction of using physiological signals (namely electrodermal activity) as affective metadata for textual content. According to the framework for affective recommender systems developed by Tkalcic et al. (2011) -briefly overviewed in Sect. 2-the results directly relate to the consumption stage of an affective recommender system, as we have been measuring the affective responses caused by the consumption of an information item. In addition, it should be studied how the results could generalize to other stages of the information consumption process, generating affective metadata for the entry and exit stages as well. That is, physiological measures could be used to generate affective metadata both to gain knowledge on the prior affective state of the user when starting to consume and information item (i.e., entry stage), and after having consumed it (i.e., exit stage).
Limitations and future work
The results show that electrodermal activity can be used for implicit text annotation, however, several important challenges remain for future work. Below we list a series of limitations of our approach, and possible directions for future work.
Relevance versus affect
The experiments presented in this paper were specifically designed to minimize interaction effects between relevance and affect. For instance, Experiment 1 was designed as a relevance assessment task using scientific articles. In this way the user was concentrated in providing relevance judgment to the scientific articles, minimizing confounding factors in the physiology coming from external emotional responses. However, one cannot completely separate relevance from affect, as affect is an intrinsic part of the relevance judgment process. Furthermore, when users are engaged in more realistic information seeking tasks (rather than in simplified relevance assessment tasks), judging the relevance of information items becomes an intermediate step towards a greater goal (e.g., learning about a topic). In these more complex and exploratory information seeking tasks, affect is likely to have a much greater interaction with the relevance judgment process, as factors such as the overall search experience, system responsiveness or difficulty of the task might influence the user's affective state and, in turn, the way in which the information items are perceived. Such affective component of the relevance judgment process has been defined in information science as affective relevance (Saracevic 1996) . For instance, a user might feel annoyed by a system that does not match her expectations, in turn influencing the way she perceives the results of the system. Therefore, the emotional and affective state of the users has an effect on their perception of relevance of information items (Cosijn and Ingwersen 2000) , and physiology has been pointed out as a way to study this component of relevance . Future work research can extend results assessing even more realistic settings that consider more realistic information seeking scenarios where relevance and affect might be more intertwined, further helping to bring the notion of affective relevance from information science theory to real information systems.
All arousal is good arousal
The results of Experiment 2 seem to indicate that "all arousal is good arousal" as the negatively rated articles generated less arousal than the neutral category. To be more precise, as articles labeled as happy did not generate significantly more arousal than articles labeled as neutral, it can be reasoned that arousal indicates lack of negative affect. Moreover, it can be argued that some emotional states were not captured, as not all possible states were available for feedback. Therefore, there is the possibility that the control "neutral" state included some states that are not anger, sadness or happiness, but not really neutral either. Thereafter, future work could benefit from a more comprehensive affective feedback collection.
The role of valence
While electrodermal activity has several positive qualities such as non-intrusiveness, it is also a reasonably simple signal. For instance, recording corrugator supercilii activity or other facial muscles activity in Experiment 2 could have brought very valuable input for the physiological text annotation framework, as facial muscles are well known to be correlated with emotional valence ). This would allow to better cover the affective states on the valence-arousal dimension (Posner 2005 ). Naturally, one should take into account the trade-off between the intrusiveness of the recording and the affective space that is being covered, and in the present work we primed the non-intrusiveness. However, exploring the combination of the results presented for electrodermal activity with other physiological signals would most likely enhance the potential of physiological text annotation, allowing to better map the emotional states through the valence-arousal space.
Additionally, the analysis of the voluntary feedback in Experiment 2 did not yield to significant results. The aim of the analysis was to capture the physiological responses to more complex emotional constructs that would lead the users to like, dislike, share, or comment a specific article. Recording a greater amount of physiological signals would increase the chances of capturing such more complex emotional constructs.
Personality traits
Initial results from the personality traits questionnaires indicate that it is possible to predict how different users provide affective feedback based on their personality profile (in this case the BIS/BAS questionnaire). It would be beneficial to study if this could be combined with the physiological results in more comprehensive way. Also, as in the experiment the participants were free to select the articles to read, it might be that participants with certain type of personality profile selected different types of articles to read, and not only that their personalities caused them to score the articles differently. Future work could study user models that take into account both the correlation between the affective feedback and the users' physiological responses, and how different types of personalities provide affective different feedback.
The class unbalance
One major challenge for the application of physiological text annotation is to study the accuracy of the annotation, in setups where the distribution of classes in the dataset might most probably be of an unbalanced nature. That is in fact the kind of dataset we gathered in Experiment 2, the results of which indicate that the affective categories that could possibly be annotated correctly using electrodermal activity are negative versus non-negative. However, the data gathered is heavily unbalanced, leaning towards non-negative contents. This might be problematic when addressing classification scenarios to assess the accuracy of the annotations, and is a valuable insight for future work studying classification setups for physiological annotation, as the distribution of classes is an important aspect to consider when implementing classification models. Furthermore, one might take into consideration collecting data using a predefined dataset, where the distribution of classes is known beforehand, in order to gather a more balanced and complete dataset where the accuracy of the annotation could be studied under more controlled experimental conditions.
Applications of physiological text annotation
Even though our results show that implicit annotation of text content is feasible using physiology alone, direct applications of physiological text annotation are still unclear. In fact, in the present submission we do not address the annotated physiological features for end-user applications. The intrusiveness of the recordings, the unbalance of the data, or the acceptance of the technology are aspects that need further study in order to implement physiological text annotation in end-user applications. Applications range from corpus annotation to personalized user modeling. The former would require to study measures of agreement in order to validate the annotations in terms of how generalizable are the physiological annotations. The later would require to study the extent in which the annotations are valid; that is, in a scenario where the information needs are dynamic, the perception of relevance towards an information item might change across stages of the information seeking process. Therefore, while the present paper presents the fundamentals for physiological text annotation, the accuracy and usefulness of the annotation in practical applications remains a subject for further experimentation.
Further, wearable technology that is able to measure electrodermal activity and other physiological signals in a non-intrusive manner is readily available (e.g.,Moodmetric ring, www.moodmetric.com; Microsoft Band, www.microsoft.com/microsoft-band). Future work should also address the measurement and processing of physiological signals through such devices, studying how to handle physiological annotations considering mobility or interruptions, when users are consuming textual information on the move. We believe that the present paper provides a useful starting point for developers who are planning to utilize the data generated by these devices in commercial applications.
Conclusion
We presented a conceptual framework for physiological text annotation, reporting on two experiments that studied how associating physiological responses to text content can indicate user's information needs and affective states (see Fig. 1 ). We regard these experiments as the first natural steps for generating affective metadata of text items based on physiological measures only.
The first experiment studied the physiological correlates of relevance in information retrieval. Electrodermal activity and corrugator supercilii activity were recorded, and participants provided relevant feedback on the results. Results showed reliable differences in the electrodermal activity for relevant and irrelevant articles.
The second experiment studied the physiological correlates of affective states in text reading. Electrodermal activity was recorded while participants read news articles and provided feedback according to their affective state. Results showed lower electrodermal activity while reading negative articles (marked as sad or angry), as compared to emotionally neutral articles.
These results provide evidence that implicit annotation of text content using physiological signals is possible. The applications range from affective recommender systems, to implicit relevance feedback in information retrieval and human-centered implicit tagging.
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